This paper investigates dependence structures on selected world stock markets. Firstly, a non-parametric univariate measure of a persistence concerning capital markets efficiency is derived and computed. Secondly, we focus on computing of a non-parametric multivariate measure of the persistence indicating an ability of the price mechanisms to hold capital market efficiency under interaction of shocks.
Introduction
An empirical analysis of dependence patterns in capital markets is based on both univariate and multivariate setting of the financial time series. Firstly, the efficient market hypothesis by Fama's definition (see Fama, 1970) in capital markets is analyzed. It means to identify a pure random walk property in the stock price trajectories and to analyze a capital market shock persistence ability. Such property is a typical property for a pure random walk. Secondly, we analyze a capital market transfer capability to launch financial shocks. At the same time, we analyze a propagation of these shocks among the others capital markets. In general, there are two categories of the non-pure random walk time series. The first category obtains the time series that can be viewed as a combination of a pure random walk process and a stationary process with non-zero serial correlation. The behaviour of these time series associated with their correlation structure is analyzed by the following two components: a trend which is a pure random walk, and a cycle which is a stationary process involving a serial correlation function. The shock persistence of the time series depends on the relative contribution of these two components. Such time series mark the long-run effect smaller than that of a pure random walk. The second category obtains the time series that contain a unit root with its non-stationary component. If there is no stationary component in the time series then the first difference of the time series is a stationary process, and the long-run effect would be larger than that of a pure random walk. The shock persistence for selected capital markets will be estimated. Measures of the shock persistence in the time series in both univariate and multivariate case will be introduced.
Usually, the economic time series are formed by a combination of a non-stationary trend component, a stationary cycle component, and a noise component. Shocks to these components are different. They have remarkably different effects on future trend values. A shock to the stationary time series is transitory and the effect will disappear after a sufficiently long time. Let us consider the following simple first-order autoregressive process {y 1,t }:
where |θ| < 1, {ε 1,t } is an independent process of residuals with mean zero, and c is a given constant. Suppose that there is a shock at time t with its magnitude being s, and there is no shock afterwards, i.e.
Then, after k periods, the time series (2) has the following form:
where L is the lag operator. Then the mean value is equal to It means that the time series revert to its mean value and the impact of the shock disappears; the smaller the value of the parameter θ, the faster the impact disappears.
In contrast, a shock to a trend, as expressed in a pure random walk, moves the time series away from its trend path permanently by an extent which is exactly the size of the shock. Let us again consider the simple first-order autoregressive process {y 2,t } but with θ = 1:
Assume that there is a shock at time t with a magnitude of s, and there is no further shock afterwards. Then, after k periods, the impact is to shift permanently the level of the time series by an extent of s as follows:
c y s
The impact will not disappear even if k → ∞. Now we can construct a convex combination of both a stationary time series of the type of equation (1) and a pure random walk such as equation (6), i.e., that α ∈ (0,1). After providing this convex combination we obtain the following simple first-order autoregressive process {y 3,t }:
where ε 3,t = α (ε 1,t -(1 -α ) (1 -θ) ε 1,t -1 ) + (1 -α) (ε 2,t + α (1 -θ) ε 2,t -1 ). If θ → 1, then the time series (8) is I(1) process. If θ → 0, then the time series (8) is I(0) process. We assume there is a shock at time t with a magnitude of s, and there is no further shock afterwards. Then, after k periods, the impact of the shock will not disappear, nor the impact would be s as follows: It means that the convex combination of both the stationary time series of the type of equation (1) and the pure random walk such as equation (6) reverts to its mean value if α → 1 and the impact of the shock disappears; the smaller the value of the parameter θ, the faster the impact disappears. Contrariwise, if α → 0 then the impact will not disappear.
Let us return to equation (2). The permanent impact of the shock would usually be smaller than s, depending on the relative contributions of the trend component and the cycle component. Furthermore, if θ → 1 in equation (1), then the first difference of the time series is I(0) process and the impact of the shock will disappear after a sufficiently long time, while the impact of the shock to the time series itself would be greater than to a pure random walk.
Therefore a shock persistence is introduced as a measure for this long-run or permanent impact of shocks on the time series. This paper is organized as follows: Section 2 presents measures for persistence in univariate models. Section 3 is devoted to an empirical application of measures for persistence on the selected capital markets. Section 4 is concerned with a measurement of dependence patterns by using measures for persistence. Section 5 is again devoted to empirical applications of the shock propagation among the selected capital markets.
Persistence in Univariate Setting
A persistence of the time series can be illustrated by the infinite polynomial of the Wold's moving average (MA) representation of the time series, A(L), being evaluated at L = 1, that is
where
is a polynomial in the lag operator L, and ε t ~ (0, σ ε 2 ) are zero mean independent residuals. An impact of the shock in period t on the change level of the time series or the first difference of the time series in period t + k is A k The impact of the shock on the level of the time series in period t + k is therefore 1+A 1 + ... + A k . An accumulated impact of the shock on the level of the time series is the infinite sum of these MA coefficients A (1). The value of A (1) can then be used as a parametric approach to a measure of the persistence. For a pure random walk, we have A (1) = 1. This one follows from equations (1) and (11):
For any stationary time series, we have A(1) = 0. It follows immediately from the following operations:
For time series which are neither stationary nor a pure random walk, A(1) can take any value greater than zero and different from 1. If 0 < A(1) < 1, the time series would display a mean-reversion tendency. If A(1) > 1, an unanticipated increase would be reinforced by other positive changes in the future, and the time series would continue to diverge from its pre-shock expected level. Since it is very complicated to estimate effectively the value of A(1), to estimate effectively a level of the persistence via A (1) is very complicated also. This is one of the reasons for using of a non-parametric approach to estimating a level of the persistence.
A non-parametric approach to estimating of a measure of the persistence is proposed by Cochrane (1988) . Cochrane's measure of the persistence is a ratio of the k period variance to the one period variance, being divided by k. The variance ratio method is non-parametric and the estimate is consequently more stable than the Wold's MA representation, A(L). Cochrane's measure of a level of the persistence is known as V k in the following formula: where ∆ k is the k period difference operator and
is the τ th autocovariance in ∆y t and ρ τ = Cov (∆y t , ∆y t -τ ) / σ 2 ∆y t is the τ th autocorrelation in ∆y t . From (15) From equations (15) and (18) we can obtain the other expression for a level of the persistence 11 lim lim 1 2 1 1 2 .
We assume that where f (.) is a normalized spectral density function on the interval [-π, π] . If P = + ∞ then the time series is a random walk. If P ≥ 1 then the time series is a low frequency process. If P < 1 then the time series is a high frequency process. What is an interpretation for capital markets? If P = + ∞ then the capital market is represented via a random walk. It means that a shock is an inherent part of capital market returns. The capital market is then a shock persistent. If P ≥ 1 then the capital market is represented via a low frequency process. It means that a shock is an inherent part of low frequencies in capital market returns. In other words, if a shock coming in capital market is associated with low frequencies (i.e., a trend pattern, or a capacity potency power) then it is proceeded in a very difficult and slow way. If P < 1 then the capital market is represented via a high frequency process. If a shock coming in capital market is associated with high frequencies (i.e., an innovation pattern, or a capacity potency indication only) then stock prices are adjusted promptly. This way allows to identify both a level of the shock persistence and a level of the capital market price efficiency.
Empirical Analysis of Persistence on the Capital Markets
The time series data are composed of daily log-returns on the following indices in Table 1 . The sample spans a period from January 5, 2000 till September 15, 2005.
The data were obtained from Bloomberg data services. We estimate a level of the persistence on the selected capital markets. We consider indices of the following capital markets that are introduced in Table 1 The Persistence for CAC VV11 l l Levels of the persistence by definition (18) for the selected capital markets are introduced in Table 2 .
From the presented figures and Table 2 it is possible to see that the capital markets ATX, PX50, BUX, and WIG have a high level of persistence in the capital market price structures. It means that a price mechanism, for holding of efficiency in a capital market (EMH), is corrupted in these capital markets. Contrariwise, capital markets as UKX, SPX, and AEX demonstrate very efficient price mechanism for holding the capital market efficiency (EMH).
Dependence Patterns among the Capital Markets
In multivariate setting, a level of the persistence V k , can be applied to both an identification of dependence shock patterns among capital markets and evaluation of the cross capital markets shock effects. We first adopt the infinite polynomial of the Wold's MA representation to demonstrate measures of the shock persistence, in a multivariate way similar to equation (11) as follows
where we use characters in bold for matrices and vectors. The expression
is an n × 1 dimension vector of infinite polynomials ∆ ∆ ∆ ∆ ∆y t is an n × 1 dimension vector of variables, ε t is an n × 1 dimension vector of residuals, and Σ ε is an n × n covariance matrix of residuals. We have the multivariate measure of persistence as follows:
which reduces to A 2 (1)(σ 2 ε /σ 2 ∆y t ) in a univariate time series. To obtain multivariate measures of the shock persistence, previous studies have attempted to scale the covariance matrix of residuals by the different ways. Pesaran et al. (1993) use the conditional variance of ∆y j,t (the j-th diagonal element of Σ ε ) to normalize the j-th column of the covariance matrix of residuals. Van de Gucht et al. (1996) use the unconditional variance of ∆y j,t (the j-th diagonal element of Σ ∆y ) to scale the j-th column of the covariance matrix of residuals, arguing that it is consistent with the univariate measure of persistence proposed by Cochrane (1988) . The diagonal elements in the normalized covariance matrix are considered as a representation of the total persistence in individual capital markets. The off-diagonal elements are considered as the cross-effects of the shock persistence distributed between two capital markets. An element in the i-th column is the effect on the i-th capital market due to the shock in the j-th capital market. With this approach, the effect of the shock persistence on capital market i due to shocks in capital market j is represented by the (i,j)-th element in P, that is P(i,j) measures the (i,j)-cross persistence, P(j,i) measures the (j,i)-cross persistence, while P(i,i) measures the total persistence of the i-th capital market. As a generalizing of the non-parametric measure of the shock persistence into the multivariate setting, we define V k as the k period covariance matrix times the inverse of the one period covariance matrix, divided by k. The non-parametric measure of the shock persistence has the following form Using a procedure similar to equation (15) 
where R ij,τ = Cov(∆y i,t , ∆y j,t -τ ) is the covariance between ∆y i,t and ∆y j,t -τ at lag τ, and R ij,0 = Cov(∆y i,t , ∆y j,t ) is the contemporaneous covariance. The elements in the first matrix on the RHS of (25) are bivariate, but the elements in V k are truly multivariate due to the second matrix on the RHS of (25). A level of the shock persistence in multivariate setting is as follows 
By expression (20) we can rewrite (26) in the following expression using the bivariate spectral densities: (27) where h ij (.) (i,j =1,...,n) is a cross spectrum and takes the form of 
PV

Empirical Analysis of Dependence Patterns on the Capital Markets
A level of the shock persistence, (26), takes into account an influences from all sources in the world capital markets. This measure is used for estimating the cross dependence patterns among different capital markets. Such situation, in multivariate setting, is demonstrated in the following Table 3 and Figure 2 . On the x-axis, and the y-axis are labels of the capital markets 1 to 12 (see Table 1 ) that are located individually. The height of the bar on the point (i, j) demonstrates a level of the shock persistence on the i-th capital market and due to the level of the shock persistence in the j-th capital market. The multivariate shock persistence analysis is more complex than the univariate shock persistence analysis. The multivariate shock persistence analysis identifies both a power of the shock and a direction of the shock propagation of the shock occurrences in the i-th capital market to all the others capital markets. Therefore, the multivariate shock persistence analysis is able to analyze both the sources of shocks and the shock absorbers on capital markets. Results of the empirical analysis are presented in Table 3 . Dependence structures among the world capital markets are introduced in In Figure 3 , we can observe that SPX and AEX are the main parts in bearing of shocks in capital markets. In this one, we can also observe an evolution of dependence structures both short-run and long-run intervals among capital markets.
Conclusions
The paper has been focused on a research of the dependence structures on the capital markets by measures of the persistence. In univariate systems, an empirical analysis of persistence has shown that the capital markets UKX, AEX, and SPX are characterized by a low level of the persistence under all analyzed lags. From these analyses it is possible to show a level of the capital market efficiency. In multivariate systems, an empirical analysis of persistence has shown that capital markets change dependence structures in different periods of lags. The negative tail dependence in the returns on the PX50, WIG, and UKX indices, representing the Prague Stock Exchange Index, the Warsaw Stock Exchange Index, and the London Stock Market Index was found. The positive tail dependence in the returns on the SPX, WIG, and HSI indices, representing the Standard & Poor's 500 Index, the Warsaw Stock Exchange Index, and the Hang Sang Index was found. This analysis enables to construct more deep hedging structure of agent portfolio securities. 
